Τhis paper focuses on the performance of three alternative Value-at-Risk (VaR) models to provide suitable estimates for measuring and forecasting market risk. The data sample consists of five international developed and emerging stock market indices over 
Introduction
Since 1980s banks have provided several products to control risks, while more recently they have started to manage credit risks by providing bonds, derivatives and other financial products. Recent economic crisis of 2008 (or recession) resulted by a liquidity crisis in the US banking system.
The 2008 banking crisis appeared with the subprime mortgage crisis in the US following a collapse of international financial institutions as well as massive declines in stock prices around the world (Longstaff, 2010) . As liquidity of the markets fell out, banks turned to the interbank market to fund their liquidity gap. The result was a fall in the values of the investments and a downward pressure on stock prices. The extend of the crisis began with the failure of three large US investment banks, which turned to unstable stock prices and high volatility of international indices (for more details see Alexander, 2008a ). According to Alexander (2008a, p. xxxi) 
, "the main factor underlying this financial crisis is the intrinsic instability in the banking system resulting from the lack of unified and intelligent principles for the accounting, regulation, and risk management of financial institutions".
In particular, risk management identifies and measures risks using risk metrics like VaR. For financial institutions, VaR is a commonly used risk measure 1 , which is the maximum expected loss at a given confidence level over a given period of time. Given this definition, the role of risk management is highly important.
There is no empirical evidence on the usefulness of simple VaR models in measuring risk before and after a financial crisis. The aim of the article is to investigate the performance of three alternative risk models of VaR and show that in periods of strong fluctuations of asset prices (high volatility), such as the year 2008, the estimates of VaR can be calculated with satisfactory precision. We estimate VaR using daily data from five international markets. We adopt three widely used methods to calculate VaR as follows: 1)
EWMA of Riskmetrics, 2) classic GARCH(1,1) model of conditional variance assuming a conditional normally distributed returns and 3) asymmetric GARCH with skewed Studentt distributed standardized innovations. The main contribution of this paper is that it provides evidence that widely accepted/used methods give reliable VaR estimates and forecasts for periods of financial turbulence (financial crises). To the best of our knowledge, this is the first evaluation of VaR models, before and after the financial crisis of 2008, using data from mature and emerging markets.
The paper continues as follows. Section 2 outlines the basics of VaR methodology, while Section 3 presents models of VaR estimation. Section 4 discusses parametric VaR modeling, and Section 5 illustrates the evaluation of VaR models. Data and empirical results are discussed in Section 6. Finally, concluding remarks are made in Section 7.
Value-at-Risk
VaR at a given probability level  
, is defined to be the predicted amount of financial loss of a portfolio over a given time horizon. This is formally defined as follows.
Let t P be the observed value of a portfolio at time t , and let ) log( 
Models of VaR Estimation: A Review
VaR is approached with various techniques, which belong in three broad categories: i) non-parametric, ii) parametric and iii) semi-parametric techniques. ), is the error term. The unpredictable part of the log-return is expressed with an ARCH process as follows:
The unpredictable part of the log-return is the product of a non-negative functional form of the information set at time 1  t , 1  t I ,(i.e. the standard deviation), and a random variable 
is the p -percentage point 5 of the distribution of t z as it has been expressed in (5) 
Parametric Value-at-Risk Modeling
The one-step-ahead VaR, based on ARCH model, can be estimated as follows:
5 For long trading positions we have   . 6 For more information, see Byström (2004) , Gençay and Selçuk (2004) and Hull and White (1998 The applied parametric model can be described as follows:
The expected return of portfolio can be modeled as a first order autoregressive model 7 ,
AR (1), that is given by
The time-varying volatility estimation is conducted with the models: EWMA of Riskmetrics TM (J.P. Morgan, 1996 ), Bollerslev's (1986) GARCH(p,q) model, and Ding's et al. (1993) APARCH(p,q) model. The study is based on simplified and widely accepted models avoiding those that cannot be estimated easily and immediately. The EWMA is the classic unsophisticated way of volatility estimate, the GARCH is a well-known technique and the APARCH is a model which takes into account several characteristics of the markets without time-consuming estimation of its parameters. Note that the GJR-GARCH model of Glosten et al. (1993) is another popular asymmetric approach very well used in modeling financial crises (see Linton and Mammen, 2005; Iglesias and Linton, 2009 ).
However, the GJR-GARCH is nested by the APARCH model incorporated in this paper 8 .
For the case of the GARCH(p,q) and APARCH(p,q) models the order of lags, p=q=1, is used because it captures the dynamics of volatility adequately 9 .
ΕWMA -Exponentially Weighted Moving Average
A typical technique for the calculation of volatility, that has been proposed by the J.P. Morgan (1996) , is the so called exponentially weighted moving average (EWMA) given by:
A detailed investigation of the performance of EWMA was provided by Pafka and Kondor (2001) .
GARCH(1,1) -Generalized ARCH
The most widely used technique for the volatility estimate is the GARCH (1,1) model:
which expresses the phenomenon observed in the financial markets that the volatility depends on its past prices (periods of intense volatility tend to be followed by periods of low volatility and vice versa, i.e. volatility clustering effect). Ding et al. (1993) proposed the APARCH model:
APARCH(1,1) -Asymmetric Power ARCH
in which 1
 is used to model the asymmetric relationship between volatility and information that comes to the market, as they are expressed from 1
Moreover, the volatility is modeled neither as the variance, 2   , nor as the standard deviation, 1   . The power  is a parameter to be estimated (Box-Cox power transformation).
Finally, for the probability density function,   . f , of the random variable t z (which expresses the ratio of the residuals to the time-varying standard deviation) we assume not only the classic normal distribution 11 but also the skewed Student-t distribution. Note that the skewed Student-t distribution captures the leptokurtic tails and the asymmetry that cause the extreme log-returns. For the normal distribution we have:
and for the skewed Student-t distribution 12 we get:
For more details on the probability density function of the skewed Student-t distribution, the reader is referred to Laurent (2000, 2001 ) and Xekalaki and Degiannakis 10 t  denotes the log-return that we are not able to estimate. It expresses the information that flows into the market about the difference between actual and estimated log-returns, as
, where t y is the actual return and t  is the estimated return.
11 The Bollerslev and Wooldridge's (1992) robust quasi-maximum likelihood standard errors were taken into consideration. 12 The skewed Student-t distribution was proposed by Fernandez and Steel (1998 and  are the asymmetry and kurtosis parameters respectively.
In the literature there is a huge number of volatility models. The present study uses parsimonious models which can be estimated easily without any calculating cost 13 .
Evaluation of Models of Estimate of Value at Risk
The performance of the models was evaluated through the tests of Kupiec (1995) and Christoffersen (1998) . One of the most popular tests, Kupiec's (1995) 
where N denotes the number of days over the period T where violation was observed independently distributed across time. Christoffersen (1998) proposed to test simultaneously the hypotheses (i) and (ii), adding equations (14) and (15) Sarma et al. (2003) . However, we should report that the focus of this paper is not on the general comparison of the three models considered but on the question whether any of these models is suitable to forecast VaR measure 16 .
Application
In this paper, we use data from both mature (US, UK, Germany) and emerging (Greece and Turkey) markets with specific characteristics, i.e. markets following low/high volatile periods. In particular, we evaluate the out-of-sample forecasting accuracy before Table 1 reports information on the dataset used. The second column of Table 1 refers to the total number of observations (daily trading days), T , the third column reports the date for which we get the first observation (first trading day), the fourth column reports the date for which we get the last available price (for all indices the last trading day of 2008). Afterwards, the fifth column reports the first day for which we proceed in forecast 16 If we were interested in the comparison of models we could use methodologies such as Angelidis and Degiannakis (2007) and Hansen (2005) .
of VaR, the sixth column reports for how many trading days the forecasts of VaR are calculated, T , and the last column reports the size of rolling sample of constant size that is used for the estimate of models, T  .
[Insert Table 1 about here]
The models are applied in the framework of equation (8) for the three conditional volatility specifications of equations (9), (10) and (11). For the EWMA and the GARCH(1,1) models we assumed that t z is normally distributed, whereas for the APARCH(1,1) model the skewed Student-t distribution was considered.
The models: EWMA, AR (1) 
We proceed to the evaluation of the above models considering their forecasting VaR for five stock indices based on the statistics of Kupiec (1995) and Christoffersen What it would be ideally required is a model which is useful for all time periods.
However, according to Angelidis and Degiannakis (2008a) , there is not a unique model for all financial periods/markets, and therefore modelers must be aware of that. In this paper, we find that there is at least one adequate model for each index in every period 18 . The AR(1)-APARCH(1,1)-skT model works better than the other models in the period of crisis because it captures the leptokurtic tails and the asymmetry to the left that cause the extreme negative log-returns.
[Insert Table 2 about here]
Conclusions
Since 2008, financial markets across the world have suffered huge losses. The US subprime crisis led rapidly to massive declines in the market values of assets and portfolios around the world (Longstaff, 2010) . The banking panic of 2008 led to unstable stock prices, while the cost of bank borrowing as well as the financial market volatility (risk) rose substantially.
Daily VaR measures are widely used in financial institutions for assessing the risk of trading activities. According to Stulz (2008, p. 61 Note that most studies use data for these days and they don't exclude them. The plot in different pattern presents year 2008.
